Precision agriculture (PA) is well established in North America, Europe, and Australia, where production fields are relatively large. PA has also attracted interest and seen limited adoption in Asian countries including Korea, where fields are 0.3 to 1.0 ha in size. PA is a management system where application of agricultural chemicals such as fertilizers, pesticides, and herbicides is matched to actual needs pointby-point within fields. This approach can provide economic benefits to farmers and protection of the soil environment from excessive applications of chemicals. Optical diffuse reflectance sensing has potential for rapid and reliable on-site estimation of soil properties. For good results, proper calibration to measured soil properties is required. One issue is whether it is necessary to develop calibrations using samples from the specific area or areas (e.g., field, soil series) in which the sensor will be applied, or whether a general "factory" calibration is sufficient. A further question is if specific calibration is required, how many sample points are needed. In this study, these issues were addressed using data from 42 paddy fields representing 14 distinct soil series accounting for 74% of the total Korean paddy field area. Partial least squares (PLS) regression was used to develop calibrations between soil properties and reflectance spectra. Model evaluation was based on coefficient of determination (R 2 ), root mean square error of prediction (RMSEP), and RPD, the ratio of standard deviation to RMSEP. When sample data from a soil series were included in the calibration stage (full information calibration), RPD values of prediction models were increased by 0.03 to 3.32, compared with results from calibration models not including data from the test soil series (calibration without site-specific information). Higher R 2 values were also obtained in most cases. Including some samples from the test soil series (hybrid calibration) generally increased RPD rapidly up to a certain number of sample points. A large portion of the potential improvement could be obtained by adding about 8 to 22 points, depending on the soil properties to be estimated, where the numbers were 10 to 18 for pH, 18-22 for EC, and 8 to 22 for total C. These results provide guidance on sampling and calibration requirements for NIR soil property estimation.
INTRODUCTION
For successful implementation of PA, site-specific quantification of soil physical and chemical properties affecting soil quality and crop production is important. Many of these properties may change on a finer spatial resolution than can be practically analyzed with laboratory methods due to time and cost of the sampling and analysis procedures. Thus it would be preferable to replace the standard laboratory methods with another approach that would provide accurate characterization of within-field variability at a reasonable cost, and with reliability and timeliness. 
MATERIALS AND METHODS

A. Soil Sampling and Laboratory Analysis
Soils used in this study were obtained from 39 paddy fields representing 14 distinct soil series that account for 74% of the total Korean paddy field area. 
B. Spectral Data Acquisition
Soil spectral reflectance data were obtained in the laboratory using an ASD FieldSpec 3 reflectance standard was scanned after every 10 soils and used to convert the raw spectral data to decimal reflectance.
The reflectance data showed variations for different soil series and depths (Fig. 2) . Reflectance data were preprocessed to remove erroneous measurements and improve stability of 
RESULTS AND DISCUSSION
A. Method 1 and Method 2 Table 3 shows results of the PLS calibration and cross validation. Reasonable estimates were obtained for all soil properties except total N. Considering both R 2 and RPD criteria, the best estimates were obtained for pH, EC, Ca, Mg, Na and total C. for Chilgog, Maegog, Heogog, Gwangpo, and Gamcheon soils. The mean RPD increase of 1.78 for total C was much greater than that for other soil properties (Table 4) . Therefore, it would be particularly important to include calibration soil samples from the specific soil series for total C estimation.
Soils with RPD increases greater than 1.00 were Maegog, Yecheon, Hamchang, Yuga, Gamcheon, and Deunggu for pH, Hwadong, Yuga, Gwangpo, and Gamcheon for Ca, and Maegog, Yuga, and Gamcheon for Mg. With this level of RPD improvement, it would be important to include calibration soil samples for all these soil series and soil properties.
Methods 1 and 2 were also compared by calculating increases in R 2 values of method 1 compared to method 2 ( Fig. 2, right) . These values were mostly positive, indicating that models using method 1 were more predictive than those using method 2 and confirming the RPD analysis. As in the RPD analysis, increases in R 2 values were considerably different for different fields and soil properties.
Based on the RPD and R 2 results, we concluded that NIR soil property estimations would be degraded considerably if sample data from fields with conditions similar to sites where the sensor was to be used were not included in the calibration. The pooled datasets used in this analysis suggested that samples did not need to be from the exact fields under study, but at least should come from fields within the same soil series.
B. Method 3
With method 3, RPD increased as the number of test dataset samples added to the calibration model increased, but degree of the increase was different for different soil series and soil properties. Fig. 3 shows examples of RPD vs. number of sample points added from method 2 for pH (top), EC (middle) and total C (bottom). 
CONCLUSIONS
The overall objective of this research was to develop a DRS-based soil property sensor for precision agriculture. In this part of the study, different calibration methods were devised and compared to investigate sampling and calibration requirements for the sensor. The data used came from 39 paddy fields representing 14 distinct soil series accounting for 74% of the total Korean paddy field area. Soil samples were obtained on a 5-cm depth interval to a maximum 65-cm depth and analyzed in the laboratory for multiple soil properties. Soil reflectance spectra from 350 to 2500 nm, obtained using a commercial spectrometer, were the dataset used in this study to estimate laboratory-determined soil properties. Major findings were:
• Not including calibration information from a specific soil series (method 2) resulted in lower RPD values compared to including samples from that soil series in the calibration dataset (method 1). Reductions in RPD ranged from 0.03 to 3.32, depending on soil series and soil property.
In most cases, R 2 values increased when soil-specific information was added in the calibration stage.
• When the number of soil-specific samples included in the PLS calibration was increased (method 3: hybrid calibration), RPD increased rapidly up to a certain number of added These results provided guidance on sampling and calibration requirements for DRS soil property estimation. Additional data collection, further investigation using additional model selection criteria, interpretation of model improvement in terms of ranges of and DRS responses to each soil property, and automation of these procedures are subjects for future study.
